In this work, we perform a comprehensive comparative study of two advanced control algorithms-the classical tracking model predictive control (MPC) and economic MPC (EMPC)-in the optimal operation of wind energy conversion systems (WECSs). A typical 5 MW wind turbine is considered in this work. The tracking MPC is designed to track steady-state optimal operating reference trajectories determined using a maximum power point tracking (MPPT) algorithm. In the design of the tracking MPC, the entire operating region of the wind turbine is divided into four subregions depending on the wind speed. The tracking MPC tracks different optimal reference trajectories determined by the MPPT algorithm in these subregions. In the designed EMPC, a uniform economic cost function is used for the entire operating region and the division of the operating region into subregions is not needed. Two common economic performance indices of WECSs are considered in the design of the economic cost function for EMPC. The relation between the two economic performance indices and the implications of the relation on EMPC performance are also investigated. Extensive simulations are performed to show the advantages and disadvantages of the two control algorithms under different conditions. It is found that when the near future wind speed can be predicted and used in control, EMPC can improve the energy utilization by about 2% and reduce the operating cost by about 30% compared to classical tracking MPC, especially when the wind speed varies such that the tracking MPC switches between operating subregions. It is also found that uncertainty in information (e.g., future wind speed, measurement noise in wind speed) may deteriorate the performance of EMPC.
Introduction
Renewable energy generation technologies, like wind energy conversion systems (WECS), have been widely adopted globally. In a recent report of the National Renewable Energy Laboratory (NREL), for example, the State of Alaska Legislature in 2010 adopted the goal of supplying 50% of Alaska energy needs from renewable energy sources by 2025 [1] . Among various modern renewable energy resources, wind energy accounts for the largest portion and is anticipated to maintain steady growth in the coming years.
It is well known that the control system of a WECS plays a very important role in balancing the efficiency of energy generation and structural fatigue of the WECS. In a typical tracking control design, a WECS has two operating modes, i.e., partial load mode and full load mode. When a WECS is operated in the partial load mode, a typical control objective is to adjust the generator speed to model used for controller design are given. In Section 3, a detailed description of the controllers design are proposed. Section 4 shows detailed simulations and analysis on the WECS under two controllers. Finally, Section 5 concludes the paper.
Wind Energy Conversion System Description
The WECS consists of a series of operating units including the wind turbine, the drivetrain shaft and the electric generator. A schematic of the WECS is shown in Figure 1 . In the WECS, the kinetic energy in the wind is first captured by the wind turbine in the form of mechanical energy, which is then transported through the drivetrain shaft, and is transformed to electrical energy in the generator before it is finally delivered to the grid. The model considered is based on [26] . 
Wind Turbine
The wind turbine rotor interacts with the wind stream, resulting in a behavior named aerodynamics. In addition, the aerodynamic power, which means the kinetic energy of wind in a unit length of time, depends on the wind speed on the rotor, the pitch angle and angular velocity of the rotor. The aerodynamic power P a extracted by the wind turbine can be described as [26] :
where ρ is the air density, R is the rotor radius, v is the rotor wind speed, β is the pitch angle of the rotor blade, λ is the ratio between the peripheral blade speed and the wind speed:
where ω a is the rotor angular velocity. The aerodynamic power coefficient C p (λ, β), describing the power extraction efficiency of a wind turbine, is modeled as follows [11] :
where λ i is determined using 1
− 0.035
Energies 2018, 11, 3127 4 of 23 A graph of the aerodynamic power coefficient C p (λ, β) is shown in Figure 2 . As shown in the figure, the maximum aerodynamic power coefficient can be achieved by appropriately tuning λ and β. Let us denote the corresponding λ and β that give the maximum C p as λ opt and β opt ; that is, (λ opt , β opt ) = arg max λ,β C p (λ, β).
It is considered that the angular velocity of rotor ω a is subject to the following constraint:
where ω a,in is the cut-in rotor speed and ω a,rated is the rated rotor speed. The pitch angle β is adjusted by a pitch angle actuator. The dynamics of the pitch angle β is modeled as the following second-order differential equation:
where β re f is the desired pitch angle and is the manipulated input of the pitch angle actuator, β is the actual pitch angle, w n is the natural frequency of the pitch actuator, and ξ is the damping constant of the pitch actuator. In the MPC design considered in this work, β re f will be one of the manipulated inputs. The pitch angle is subject to the following constraints:
where β min and β max denote respectively the minimum and maximum values that the pitch angle may takeβ min andβ max denote, respectively, the minimum and maximum pitch angular speeds.
Drivetrain Shaft
The generator receives power from the wind turbine through a drivetrain shaft system. The drivetrain shaft includes a low-speed shaft, a high-speed shaft, and a gearbox. The low-speed shaft is considered to be flexible while the high-speed shaft is considered to be rigid. Stiffness and damping of the low-speed shaft are modeled as one spring and one damper. Based on these assumptions, a two-mass drivetrain model can be developed as shown below [26] :
where J a and J g are the inertia of the rotor and the generator, respectively. T a is the aerodynamic torque. k s and d s are the stiffness and damping coefficients of the low-speed shaft. θ stands for the shaft twist angle. T g is the generator torque and ω g is the generator angular velocity. N g is the gear ratio. A schematic of the drivetrain shaft system is shown in Figure 3 . Figure 3 . Drivetrain shaft system of WECS.
Electric Generator
The electric generator exerts a counter torque T g on the drivetrain shaft, its dynamics can be described as follows:
where T g,re f is a manipulated input variable and denotes the desired torque values, T g is the actual generator torque. τ g is the time constant of the generator. The operation of the generator is subject to the following constraints:
where T g,rated is the rated generator torque.Ṫ g,min andṪ g,max denote respectively the minimum and maximum generator torque speeds. The electrical power converted from the mechanical power is modeled as follows:
where η is the efficiency of power conversion. The electrical power should satisfy the following constraint
where P e,rated is the rated power.
State-Space Representation
Defining a set of state variables
, the dynamics of the state variables can be written in the following compact form based on the modeling equations described in Sections 2.1-2.3:
where the wind speed v is an disturbance input to the system. Figure 4 shows the block diagram of the model, and T g,re f and β re f are manipulated inputs of the system. The parameters of the model used in this work are reported in Table 1 
Model Predictive Control Strategies
The primary objective of the WECS is to maximize wind power capture while protecting the operating units. For a WECS, there are many constraints that should be satisfied to ensure equipment safety of the system. Specifically, constraints Equations (7), (8) and (15) are considered as hard constraints while Equations (5), (14) and (17) can be treated as soft constraints that may be relaxed for sufficiently short time periods.
Classical Tracking MPC

Steady-State Target Calculation
In this section, we calculate the optimal steady-state targets for the rotor speed ω a , blade pitch angle β and generator torque T g . At a steady-state, we have
Due to less than perfect efficiency, the generator is only able to convert some of the mechanical power to electrical power [26] . Thus, the objective of maximizing the steady-state electric power P e at a given wind speed v is equivalent to maximizing the aerodynamic power coefficient C p . Note that the dynamics of the generator torque actuator and pitch angle actuator disappear at steady-state conditions. Therefore, we can use the following steady-state optimization problem to find the optimal steady-state operating target:
The above steady-state optimization is a parametric optimization depending on the wind speed v. The solution is shown in Figure 5 where the entire operating region is divided into four regions with v in , i.e., the cut-in wind speed for WECS, v 2 , v 3 and v rated as a boundary.
Region IV: When the wind speed is over the rated value (i.e., v ≥ v rated ), both the rotor speed and generator torque reaches their upper bound. That is:
. WECS keeps the electric power P e at its rated value by changing the blade pitch angle as follows:
When the wind speed is below the rated value, the WECS operates in the partial load region which is divided into three subregions, namely, I, II, III as shown in Figure 5 . Region III: When the wind speed is below the rated value and over the wind speed v 3 (i.e., v 3 ≤ v < v rated ), where
only the rotor speed reaches its upper bound, that is,
The pitch angle is fixed at its optimal value (i.e., β opt ), and the WECS maximizes electric power P e by changing the generator torque as follows:
The classical MPC strategy taken in this work assumes keeping the pitch at its optimal value β opt before the electrical power reaches its rated value:
Region II: When the wind speed is below the wind speed v 3 and over v 2 (i.e., v 2 ≤ v < v 3 ), where
It is expected to maximize wind power capture by maintaining WECS operating at the optimal power coefficient all the time. Previous research results primarily focus on the TSR control in this region, one of the conventional MPPT algorithms. Then, the optimal steady-state is readily obtained as [11] :
These references in region III and II are also consistent with the optimal steady-state operating target obtained using Equation (19) in which only constraint Equation (5) is active in region III.
Region I: When the wind speed is between the cut-in wind speed v in and wind speed v 2 (i.e., v in < v < v 2 ), the rotor angular velocity ω a is at its lowest allowed value,
and the T g reference can be obtained as follows:
In this region, the reference of the pitch angle will be set at the optimal value:
To sum up, the optimal reference rotor angular velocity ω * a , pitch angle β * and the generator torque T * g in MPC design according to the above discussion are as follows:
In the classical tracking MPC design, the MPC will track the three reference trajectories above depending on the wind speed.
Tracking MPC Formulation
The classical tracking MPC for WECS is based on tracking the wind dependent reference trajectories, while minimizing structural fatigue. As stated above, there are different control objectives for different operating regions. The classical tracking MPC achieves this through changing the reference. As for the state constraints of WECS, we will incorporate both hard constraints and soft constraints in the optimization problem. At a sampling time t k , the MPC optimization problem for the WECS, under both partial load region and full load region is formulated as follows:
where S( t) denotes the family of continuous piece-wise functions with sampling time t. N is the predictive horizon.
is the tracking objective function. F s (ε P , ε ω , ε T ) is the punishment on slack variables.x (τ) is the predicted future state trajectory of the WECS. Equation (33b) is the nonlinear state-space representation of the WECS in Equation (18) . x(t k ) in Equation (33c) is the initial condition at time t k . Equation (33d-h) are the output constraints and state constraints. The tracking objective function is chosen as:
where
, r MPC are weights. The first three terms account for wind power capture while the last term of state change rate reflects the structural fatigue of the system. ω * a (v), T * g (v), β * (v) are the reference trajectories described in Equation (32).
The slack variables ε P , ε ω , ε T are decision variables associated to the degree of violation of the corresponding constraints. We choose to penalize the slack variables using the quadratic form:
where r s is a penalty of the slack variables.
As for the constraints, Equation (33d-f) mean that the system should remain operating at the rated values when wind speed is over the rated value, while temporary violation of these constraints are acceptable. Treating these constraints as soft constraints makes the MPC optimization problem much easier to solve and may lead to improved closed-loop performance. Equation (33g) is a constraint on the blade pitch angle and constraints of Equation (33h,i) impose constraints on the increasing rate of blade pitch angle and the generator torque.
The controller is evaluated at discrete time instants t k = t 0 + k∆t, k = 0, 1..., with t 0 the initial time and ∆t the sampling time. If we denote the optimal solution to optimization problem Equation (33) as u * MPC (t |t k ), only the first step value of u * MPC (t |t k ) is applied to the WECS; that is,
At the next sampling time, the MPC optimization problem is re-evaluated.
Economic MPC
In the tracking MPC, the optimal operating references depend on both the operating region and the wind speed. When wind speed changes, the cost function Equation (33a) in tracking MPC may switch frequently according to operating regions. EMPC provides a unified framework for the optimal operation of WECS systems. The division of the entire operating region into subregions for controller design is no longer necessary as long as a unified economic cost function exists for the entire operating region, which is indeed the case for WECS systems. The proposed EMPC strategy can be formulated as the following scheme:
In the above EMPC optimization problem, F EMPC represents the economic stage cost related to the economics of the operation and F s is the penalty on the slack variables as in the tracking MPC design. Two different designs of F EMPC are considered:
F EMPC 1 means maximizing the produced electrical power while F EMPC 2 trends to maximize aerodynamic power extracted from the wind turbine. Both stage costs account for structural fatigue. The two stage costs only differ in the first term. An interpretation of the impact of this difference over one prediction horizon is provided below. Let us define L EMPC 1 and L EMPC 2 as follows:
where η is the efficiency of power conversion defined in Equation (16) . Given that the aerodynamic power P a = T a ω a and electrical power P e = ηT g ω g , combining with Equations (9), (11) and (12), the difference between Equations (40) and (41) can be expressed as:
In Equation (42), the three terms ω 2 a (t k + N), ω 2 g (t k + N) and θ 2 (t k + N) stand for the terminal states of the system. In addition, the term EMPC 2 ) contains terminal cost terms inherently while the EMPC with stage cost Equation (39) (denoted as EMPC 1 ) does not inherently contain terminal penalties. It can also tell from a practical point of view, a part of aerodynamic power P a is transformed to electrical power P e , and the rest is stored in the equipment (i.e., the terminal cost in Equation (42)). Therefore, EMPC 1 may need a larger predictive horizon than EMPC 2 . On the other hand, EMPC 2 may lead to increased drivetrain shaft transient load compared with EMPC 1 given that the other control settings are the same. The derivation details can be found in Appendix A.
Simulation Results and Discussion
In this section, we carry out simulations to compare the classical tracking MPC and the EMPC in terms of closed-loop economic performance, i.e., the captured aerodynamic power P a , the generated electrical power P e and the drivetrain shaft transient loadθ. Two cases containing perfect wind speed information and inaccurate wind speed information are considered under different types of wind, i.e., gradient wind and turbulent wind.
Simulation Settings
In the simulations, the wind speed is generated according to the Van der Hoven spectrum [2] ; that is, the wind speed is modeled as a slowly varying average wind speed superimposed by a rapidly varying turbulent wind speed:
where v m is the mean wind speed over a certain time period and v d is the rapid varying component. It is assumed that the current wind speed at the rotor can be measured, for example, using a light detection and ranging (LIDAR) system [28] . The performance of the control schemes will be compared under two types of wind: gradient wind and turbulent wind. Three controllers, i.e., the classical tracking MPC, EMPC 1 with stage cost Equation (38) and EMPC 2 with stage cost Equation (39) are implemented in MATLAB (version 2017b). The dynamic optimization problems are solved using IPOPT based on Casadi (version 3.3)-a software framework to facilitate the implementation and solution to optimal control problems using automatic differentiation [29, 30] . Moreover, control parameters used in the simulation are listed in Table 2 . The same weights are set for the stage costs of the two EMPC controllers. In order to get better performance for the classical tracking MPC, we choose different weights for partial load region(subregions I, II, III) and full load region (subregion IV). The horizon (prediction and control) for both MPC and EMPCs is fixed at 20 s with a sampling time of 0.1 s. 
Control Schemes
Parameters
Controller sampling time ∆t = 0.1s
Perfect Information Scenario
In the first scenario, we compare the three controllers when the information of wind speed is available along the predictive horizon and it is assumed that the wind speed is accurately known.
Gradient Wind
In the first set of simulations, we consider the wind speed varies between two subregions and the wind is considered to be gradient wind. Figure 6 shows the wind speed used in this set of simulations. The wind speed jumps between 6.5, 8 and 12 m/s. This makes the system switches between subregion II, III and IV. Time (s) The simulation results are shown in Figures 7 and 8 . The blue lines are the references which are calculated for the classical tracking MPC using Equation (32). From the figures, it can be seen that when wind speed changes from 6.5 m/s to 8 m/s, the system is operated in subregions II and its main objective is to extract wind power as much as possible. As shown in Figures 7 and 8 , the tracking MPC and the two EMPCs all can track the optimal operating references. The tracking MPC and the two EMPCs give nearly the same dynamic trajectory. However, when the wind speed changes between 8 m/s and 12 m/s (switches between subregion III and subregion IV), the two EMPCs present much superior performance than the tracking MPC. As can be seen in Figure 8 , the blade pitch angle β under the tracking MPC approaches the optimal steady state gradually after the wind speed becomes 12 m/s; in contrast, the proposed EMPCs keep the pitch angle at zero for some time so that more energy from the wind can be captured. The behavior of EMPCs may be explained using C p . In Figure 9 , the black point is the highest value of C p which is the optimal operation point for wind turbine with partial load (subregions I, II, III). The red line indicates the optimal C p when the wind speed is over the rated value (subregion IV). When the wind speed changes from 8 m/s to 12 m/s, the optimal C p is changed from the black point to a point on the red line. When using EMPCs, the pitch angle goes along the line β = 0 and then along the red line. That is why the pitch angle keeps at zero for a while. However, as for the tracking MPC, it drives the system to the final optimal C p on the red line directly, which leads to decreased transient performance. The superiority of EMPCs over the tracking MPC can also be seen when the wind speed decreases from 12 m/s to 8 m/s. In this case, the pitch angle has a smaller move under the EMPCs as shown in Figure 8 , which can also be explained using Figure 9 similarly. The produced electrical power P e and aerodynamic power coefficient C p under the three controllers are shown in Figure 10 . Apparently, in the transient period, the two EMPCs lead to a larger C p , and the produced electrical power P e is also more than the classical tracking MPC. As for the case of wind speed decreasing, it extracts more wind energy using EMPCs at the cost of an action of blade pitch actuator. For the sake of showing the performance of the control schemes quantitatively, the economic performance is evaluated in terms of the average power T P e and average captured power T P a defined as follows:
where Nsim is the amount of simulation steps. The comparison results are listed in Table 3 .
The numbers in brackets denote the ratios of the corresponding performance values with respect to the one of the tracking MPC. It is clearly shown that the two EMPCs give improved performance in terms of T P e and T P a in all cases. Especially in the switching process, the power captured by EMPCs compared with the MPC increases by 2.08% at the cost of slightly increased structural fatigue load. In the second set of simulations, we consider the performance of the three control schemes when we have turbulent wind. The turbulent wind sequence used in simulations is at an average value of 8 m/s and 11 m/s with the same medium turbulence intensity of I = 0.15 [2] shown in Figure 11 . In this case, we assume that we could obtain all the wind speed information on the whole prediction horizon for controllers. The simulation results for this turbulent wind speed are given in Figures 12-14 . From the figures, it can be seen that there is no obvious superiority for the EMPCs in the partial load region. The produced electrical power P e and extracted aerodynamic power P a are almost the same while the fatigue load for EMPCs may get better than the classical tracking MPC. However, when the wind speed rapidly varies around the rated wind speed, the EMPCs give much superior performance over the tracking MPC. In this situation, the classical tracking MPC needs to change its set-points and weights constantly. We could see this impact from Figure 13 . The change frequency of blade pitch angle for MPC strategy is higher than the EMPCs significantly.
In addition, further comparisons are also carried out to study the effects of prediction horizon on these controllers under this turbulent wind. Since the wind is fluctuating constantly, we consider structural fatigue defined as: The results are listed in Tables 4 and 5 with different prediction horizons obtained by simulating the system in a closed loop for 25 min. From the tables, it can be seen that the captured aerodynamic power decreases with the decrease of the prediction horizon. When the prediction horizon is too short, EMPC 1 may even lose its ability to keep the system close to the optimal operating points as seen in Table 5 . As for EMPC 2 , it still performs better with this short prediction horizon since it contains terminal cost in its objective shown in Equation (42). Moreover, the power captured by the EMPCs are about 2% more than that captured by the tracking MPC when N is 20 s. Furthermore, EMPCs get lower fatigue than MPC. In addition, it is consistent as shown in Equation (42) 
Uncertain Information Scenario
In Section 4.2, all the wind speed information on the whole prediction horizon for controllers design is assumed to be available. In this section, we will compare the economic performance of the two EMPCs and the tracking MPC with a limited wind speed preview horizon which is possibly shorter than the prediction horizon. The simulation results are listed in Tables 6 and 7 . Nin f stands for the limited wind speed preview horizon. We only show the ratio of the performance values of the EMPCs to the tracking MPC here for brevity. It can be seen that a limited wind speed preview has unfortunately a non-negligible effect on economic performance of all three controllers, especially the EMPCs. If only the current wind speed is available, EMPCs perform no superiority over the tracking MPC in the entire operation region. Furthermore, we have considered the effects of wind speed measurement noise on the controller performance and the results are shown in Tables 8 and 9 . In the tables, σ stands for the standard deviation of wind speed noise. From the results, it can be seen that the measurement noise also negatively affects the control performance of all the controllers. When measurement noise is present, the two EMPCs may give worse performance then the tracking MPC. From the above simulations, we can see the potential of EMPCs to significantly improve the operation of wind turbines if the wind speed can be measured and predicted accurately. 
Computational Times
In another set of simulations, we evaluate the computational times of the two EMPCs and the tracking MPC. One hundred simulations have been run using different wind profiles and using both the EMPCs and the tracking MPC. Different prediction horizons are also considered.
The relative computational times of the two EMPCs and the tracking MPC to the computational time of a linear MPC are shown in Figure 15 . From the figure, it can be seen that EMPC 2 is more computationally demanding. This may be due to the inclusion of the complicated aerodynamic power coefficient C p directly in the stage cost. 
Conclusions
In this paper, we focused on the comparison of a classical tracking MPC and two EMPCs for a typical WECS. From the simulation results, we found that (a) when the WECS is operated in partial load subregions, the EMPCs and the tracking MPC may give similar performance; (b) when the WECS is operated in the transition between the operating modes (i.e., partial load mode and full load mode), the two EMPCs can improve the captured wind energy by about 2% in mode transitions which is comparable to other strategies [11, 25] ; (c) the two EMPCs can decrease the structural fatigue nearly by about 30% in the entire operating region; and (d) when there is uncertainty in wind speed prediction or measurement, the performance of all control schemes decrease and the EMPCs tend to be more sensitive to measurement noise. The relation between the two EMPCs was also investigated and the results were useful in explaining the different behaviors of the two EMPCs. In summary, EMPC is a promising optimal control strategy for WECSs and has the potential to significantly improve the energy extraction while reducing system fatigue. Future research topics include the design of EMPCs that is more robust to measurement noise and uncertainty in wind speed prediction. = η J a ω 2 a (t k + N) − η J a ω 2 a (t k ) + η J g ω 2 g (t k + N) − η J g ω 2 g (t k ) +ηk s θ 2 (t k + N) − ηk s θ 2 (t k ) + η
